Increasing population and travel demand has prompted new efforts to model travel demand across the United States. One such model is rJourney that estimates travel demand among thousands of regions and models mode and destination choice. rJourney includes records representing 1.17 billion long-distance trips throughout the year 2010. Although inter-regional impacts caused by an increase of automated vehicles (AVs) has been investigated, there is little research on inter-regional travel and how longer distance destination and mode choices will change. Because of conveniences offered by AVs, the value of travel time of drivers is expected to fall, thus reducing the generalized cost of AV travel. To initially analyze the impacts of AVs in the United States, a new AV mode was added to a subset of the rJourney mode and destination choice models. With an initial scenario assuming an operating cost of AVs that is 118% of traditional cars, two outcomes are observed that are solely based on model results. First, the avaiability of AVs severely digs into the airline travel market, reducing airline revenues to 53%. Second, the introduction of AVs results in a shift of destination choice, increasing travel in further distances for personal vehicles by 9.6%, but favoring closer distances across all modes with a 6.7% overall trip-miles reduction. While this preliminary research has revealed an initial perspective on how an existing model can support AVs, the increasing availability of data as AVs emerge will refine nationwide long-distance modeling.
INTRODUCTION

43
As the United States population grows, it is expected that the demand for inter-city travel will 1 rise, running up against the limited capacity of existing infrastructure. The Federal government 2 and states continuously seek to improve long-distance mobility; however, national-scale 3 passenger travel demand modeling is still an emerging area of research. In efforts to enable 4 proactive planning, the Federal Highway Administration (FHWA) commissioned several studies. 5
One of the studies produced a passenger travel demand model called rJourney that models all 6 long-distance travel in the entire United States for the duration of the year 2010 (Federal 7 Highway Administration, 2015). 8 While the rJourney model surpasses the limitations of traditional travel demand forecasting 9 methods by rigorously incorporating several forms of travel behavior, the prospect of applying 10 the model to an increasingly automated future is challenged by the fact that automated vehicles 11 (AVs) were not a mode of choice in 2010, and therefore are not represented in the model. While 12 traveler behavior may gradually change as the future emerges and AVs continue to enter the 13 marketplace, the most feasible and best-validated future-looking models at hand are inevitably 14 based upon today's knowledge. 15
This preliminary research leverages the rJourney model to investigate how long-distance travel 16 between pairs of regions across the continental United States may be affected by the option of 17 having vehicles self-drive travelers to their destinations. Possible effects that arise include a 18 general shift in destination choice that promotes a change in overall person-miles traveled 19 (PMT), and a significant change in overall mode choice between personal vehicles and 20 commercial air carriers. 21
BACKGROUND 22
AVs and Long-Distance Travel 23
While there have been several simulations of AVs' and shared AVs' effects on intra-regional 24 travel (e.g., Fagnant and Kockelman (2014) and Childress et al. (2015) ), there is little research on 25 inter-regional travel and how longer-distance destination and mode choices will change. 26
LaMondia et al. (2016) explored mode choices in Michigan for trips over 50 miles in length, and 27 forecasted that over 25 percent of airline trips under 500 miles will shift to AVs. Such changes 28 will have important impacts on airlines, infrastructure planning and future land use (especially 29 around long-distance transportation facilities), highway congestion, and the travel industry more 30 generally. 31
Long-distance travel is common in many countries and regions. Mercedes-Benz responded to the 32 Google challenge in August 2013 with the S500 Intelligent Drive Autonomous Car long-distance 33 test drive between Mannheim and Pforzheim without any driver input. Automated public 34 vehicles may provide much of the long-distance travel between European countries (Heinrichs, 35 2016 This remainder of this paper is organized as follows. First, the rJourney data set that is used in 6 this research is introduced, followed by the preliminary methodology. Then, results of the 7 research model are identified, as well as an exploration of how the model can be used to estimate 8 how the introduction of AVs may affect overall airline industry revenue. Finally, this paper 9 concludes and offers future research directions. 10
DATA SET 11
The rJourney data that is leveraged in this research is part of an extensive, nationwide tour-based The generated tours provided in the rJourney set across all trip types are distributed as shown in 26 Figure 2 . Distances for all modes are measured as round-trip driving distance. All tours consist 27 of one outbound and one return trip over the same path. Important aspects to note about this 28 distribution are that no round-trips shorter than 100 miles (161 km) are expressed in the rJourney 29 tours data set since rJourney only looks at longer-distance trips that involve originating in one 30 NUMA and arriving at a distant NUMA. The longer-distance car trips amount to 1.2 trillion 31 VMT, which is 40% of the total 3.0 trillion highway VMT reported for 2010 (Bureau of  1 Transportation Statistics, 2011). As expected, car usage largely dominates shorter trips (less than 2 or equal to 500 miles, or 805 km), while air travel dominates for longer ranges. Bus and rail 3 consistently account for a small portion of all trips. The average party size in a tour is 2.15 4 people. 5 a.
b. The rJourney set also provides a skim file that includes mode statistics of traveling between most 8 possible pairs of NUMAs. These include estimated travel time by car or air, access and egress 9 times, traveling toll or cost, and other factors that would influence a traveler's choice of 10 transportation mode. Corresponding to these are mode choice and destination choice coefficients. 11
In these coefficients, value of travel time for car drivers is $12/hour (in 2010 dollars). These 12 skims and data are used in this research for evaluating the effects of adding a new AV mode. This analysis leverages a subset of rJourney data and models, and uses pre-existing parameters as 1 a means to quickly characterize the trip distributions for each mode, while leaving the 2 opportunity to add a new mode such as AVs. The subset of data and coefficients were used to 3 closely reproduce the rJourney mode choice results, and then a new AV mode was added. For 4 this analysis, the model was set up as a nested logit model, where mode choice was a nest within 5
an overarching destination choice model. 6
For finding mode choice from each origin to each destination, parameters include direct costs 7 (value of time, tolls, and fares), NUMA household density, service frequency, transfer frequency, 8
and rail station/airport access and egress penalty. For simplicity, data that are not available to the 9 authors, and parameters not significantly influential in mode choice (e.g. with low T-stats) are 10 not represented in utility functions as they are in the rJourney model, including household size, 11 party size, and number of nights staying. Party size is currently assumed to be 1, and reporting 12 below focuses upon VMT and trip-miles, not person-miles traveled. 13
As a result, the model subset does not produce an exact replication of the rJourney tours data set. 14 Furthermore, the attempted addition of the AV mode inherently lacks supporting data, already 15 necessitating the use of a subset of existing parameters. Although model subset results show a 16 similar distribution to that of the rJourney tours data set, air travel in particular was 17 underrepresented, showing a correlation of 0.71 overall. To establish a closer representation, a 18 strategy for adjusting (or "pivoting") the results off of the rJourney tours data set is described 19 further below in Equations 12 and 13. 20
While future work related to this research will continue to improve upon the rJourney model 22 usage, the preliminary exercise discussed in this paper illustrates the kinds of analyses that are 23 possible with such a model. These are the mode choice utilities, functions of NUMA i, 24 destination NUMA j, and trip purpose p. Refer to (Federal Highway Administration, 2015) for 25  Table 40 that contains the coefficient values and T-stats for each of the trip purposes identified 26 by coefficient subscript number. 27 
where variables remain as defined earlier, and 37 = Bus travel time from NUMA i to j, 38 = Bus fare from NUMA i to j, 39 = NUMA i log density (density is the sum of NUMA i total households and total 1 employment divided by NUMA i square miles), 2 = Indicator for one-way distance 50 mi. where variables remain as defined earlier, and 7 = Rail travel time from NUMA i to j, 8 = Rail fare for NUMA i to j, business fare if "employer" purpose, 9
= Rail transfers incurred from NUMA i to j, 10 = Rail frequency for traveling from NUMA i to j, 11 = Access time for getting to the rail station for NUMA i to j, 12 = Egress time for departing from the rail station for NUMA i to j, and 13 , , The rJourney data includes 285,579 NUMA pairs that lack car mode statistics. These NUMA 7 pairs and corresponding trips are omitted from this analysis because of lack of car-distance data, 8 which is needed in estimating the distance of all modes of travel. 9
The introduction of AVs into the model presents challenges in implementation, mainly in that the 10 rJourney models and results obviously do not consider the presence of AVs, and little data 11 currently exist to specifically justify model parameters. For AVs to be considered as a new 12 modal alternative, existing data and coefficients are leveraged to arrive at a "best-guess" 13 parameter set. In initially designing how the new modal alternative is integrated, the following 14 assumptions are made: a) a future time is modeled where AVs cost on average $0.20 per mile to 15 operate; b) the $6.00 value of time to the occupant is half of that of traditional car; and c) all 16 other parameters are that of traditional cars. The utility function for the AV mode choice is then: 17 The destination choice portion of the model incorporates the logsum of the mode choice utility 28 functions along with indicators pertaining to distance ranges, as well as household and 29 employment counts that come from the NUMA zone data set. Again, for simplicity as well as 30 lack of access to data, parameters that are not strongly influential in mode choice and destination 31 choice were omitted. However, as noted later, preliminary results are helpful in identifying 32 investigations of the model in future work. As an observation, the rJourney model does not 33 include gross domestic product per NUMA zone, which could possibly be helpful for future 34 efforts in better representing destination attractiveness. 35
The following represents the destination choice model, using coefficients drawn from (Federal 36 Highway Administration, 2015) The last step is to use the joint probabilities to distribute trips that are generated from each origin 27 across all modes and destinations. For this analysis, the number of generated trips are obtained 28 from the rJourney tours data that was simulated from generated households across the United 29
States. Because the idea is to study how mode choice and destination choice changes with the 30 introduction of AVs, the mode choices represented in the rJourney tours dataset are ignored to 31 allow the same number of generated tours to be redistributed according to the post-AV 32 introduction model. The modeled tours are defined as: 33
where variables remain as defined earlier, and 1 = Number of trips in the rJourney trips dataset from origin NUMA i to destination k 2 for purpose p. AVs deeply cuts into the number of trips that had formerly been air trips. See the first two sets in 5 Table 1 for results in terms of shorter and longer trips (e.g. < 500 miles (805 km) versus  500 6 miles). As largely influenced by the coefficient as well as travel time, trips over 500 miles 7 in length are penalized because of the negative "captivity factor" of remaining in a car for a long 8 period of time possibly over several days. It is assumed in this model that this disutility would be 9 similar for AVs as it would be for traditional cars. Note that in Table 1 , "Car+AV" is shown as a 10 means to represent respective totals of personally owned vehicles. Table 1 shows a change in distribution across overall trip 2 distances. For both pre-and post-AV introduction the model uses the same number of trip 3 generations per NUMA per trip purpose. The significant decrease of air travel may be a 4 consequence of the aforementioned IIA property. In addition to treating cars and AVs as a single 5 nest, further work on characterizing VOTT and operating cost, as well as specifying additional 6 factors in the destination-choice portion of the model may have the outcome of evolving how trip 7 distances are biased among closer and further long-distance trips. 8 
Market Penetration 14
The degree that AVs penetrate the market varies according to trip distance. Given that large-scale introduction of AVs has not yet happened and that no data can be 4 collected directly from AV usage today, a model such as this rJourney subset with AVs added as 5 a new mode can be helpful in roughly estimating market effects that could result from the 6 widespread introduction of AVs. One question that can be addressed with this model is how 7 much revenue the airline industry can possibly lose due to more travelers choosing AVs over air 8 travel. The rJourney data set gives airfare estimates in USD for all NUMA pairs that have 9 suitable access to airports served by commercial passenger carriers. The fourth set in Table 1  10 shows estimated airline sales before and after the addition of AVs for all modeled trips. Note that 11 because these are based upon cost to the traveler, these sales figures include airport taxes. 12
In this result, the percent changes between sales between shorter and longer long-distance trips 13 are similar. This is counterintuitive because of the idea that AVs should have a more significant 14 attractiveness for shorter trips and thus cut more into the shorter distance market. It may be here 15 that the model is dominated by the IIA property in adding AVs as a separate mode rather than as 16 a car+AV "personal vehicle" nest. Additionally, with refinements in the mode choice and 17 destination choice models the split may improve in accuracy. 18
AV Parameter Sensitivity 19
As mentioned earlier, the parameters and assumptions given to AVs are largely unknown and 20 must be estimated. personally-owned AVs. Table 2 shows the results of each of these scenarios. 10 
12
In observing Scenarios B, A, and C in order of increasing operation cost, it can be seen that 13 closer trip generations increase and longer trips decrease because of the significance of operating 14 cost on longer trips. Meanwhile, the cut into the air market decreases as the operation cost 15 increases. In the rough SAV Scenario F, the results coincide with a similar trend, where longer 16 distance trips are more significantly curtailed. For Scenarios D, A, and E in order of increasing 17
VOTT, a similar phenomenon occurs. The reduction of air trips decreases as VOTT increases. 18
In all cases, the variations that are evaluated do not show an extreme difference in outcomes. In 19 considering travelers' expenses and VOTT, it is possible to reason that the results should be 20 more distinct. Two factors may be dominating the models as these inputs are varied. First, the 21 addition of the AV mode as an independent choice may be an inaccurate model structure that is 22 highly correlated and represented too significantly in the results. As mentioned earlier, it may be 23 more appropriate to treat cars and AVs as a "personal vehicle" nest and estimate the correlation 1 that is to be expected among the mode choices of hypothetical travelers. Second, the 2 representation of AVs in the model is somewhat indistinct from cars, as few parameters exist to 3 offer better differentiation. The addition of new parameters to the car and AV modes can help 4 with this and reduce the correlation between the two modes. 5
CONCLUSIONS 6
This preliminary research has leveraged the nationwide, inter-regional rJourney travel demand 7 model for estimating impacts of future introduction of AVs. While models such as rJourney had 8 been created in efforts to better understand intercity travel and offer enhanced capabilities for 9 planning, little research today addresses the introduction of AVs in such models. This effort 10 therefore is intended as an early investigation in allowing AVs to be treated as a viable mode 11 within the same class of modeling framework. 12 A subset of the rJourney model was implemented to predict mode and destination choice of long-13 distance travelers with AVs fully considered as a viable mode alternative. The integration of 14 AVs into the model includes some of the preexisting car-specific parameters while employing 15 higher cost of vehicle operation and reduced VOTT that are expected of AVs within the 16 oncoming years. 17
These preliminary results are solely based upon the rJourney results after adding AVs as a 18 distinct mode. First, in the initial scenario where the cost of ownership and operation for an AV 19 is assumed to be $0.20 per mile and VOTT is half of that of car travel, air travel trip generation 20 for shorter and further long-distance trips is cut to 53% of the original value, largely replaced 21 with an increased demand for AVs. It follows that commercial passenger air carriers may benefit 22 from understanding the implications of AV introduction, perform research on the problem, and 23 target their services and marketing accordingly. Second, with the introduction of AVs, trips 24 among cars and AVs favor further distances for trips; but trips appear to favor closer distances 25 when considering all modes. Here, the total number of car and AV trips increases by 5% for 26 shorter-distance trips and 12% for longer-distance trips; however, among all modes there is a 27 6.7% reduction in trip-miles. It can be surmised that federal and state DOTs should further 28 investigate possible needs for upgrading interregional infrastructure in preparation for specific 29 levels of AV market penetration. 30
For further future research, it will be prudent to find and analyze data that is collected in the field 31 as AVs emerge, including willingness to pay, technology cost, travel time savings, and 32 socioeconomic aspects of AV usage. Along the way, it would be helpful to have data on public 33 resistance and acceptance to aid in estimating future AV market penetration. The model would 34 also possibly benefit from nesting together the car and AV modes to account for correlation 35 among the two modes. These are all factors that can help to establish a more accurate, 36 nationwide AV mode and destination-choice model that reflects current and future trends. 37
